Cancer is a disease driven by evolutionary selection on somatic genetic and epigenetic alterations. Here, we propose Canopy, a method for inferring the evolutionary phylogeny of a tumor using both somatic copy number alterations and single-nucleotide alterations from one or more samples derived from a single patient. Canopy is applied to bulk sequencing datasets of both longitudinal and spatial experimental designs and to a transplantable metastasis model derived from human cancer cell line MDA-MB-231. Canopy successfully identifies cell populations and infers phylogenies that are in concordance with existing knowledge and ground truth. Through simulations, we explore the effects of key parameters on deconvolution accuracy and compare against existing methods. Canopy is an open-source R package available at https://cran.r-project.org/web/packages/Canopy/.
I
t has been long recognized that cancer is a disease driven by genetic and epigenetic alterations (1) (2) (3) . These alterations confer upon its carrier cell selective advantage, and rounds of Darwinian selection produce tumor cell populations with aggressive phenotypes. High-throughput sequencing technologies have made possible the large-scale, high-resolution analysis of tumor genomes. A recurring finding of these studies is the high degree of heterogeneity-both intertumor heterogeneity among patients with the same clinical diagnosis (4, 5) , as well as intratumor heterogeneity between tumor cells derived from the same patient (summarized in SI Appendix, Table S1 ) (6) (7) (8) (9) (10) (11) (12) . Heterogeneity, at all levels, confound diagnosis and treatment. Most large-scale studies to date, for example, those led by the Cancer Genome Atlas Research Network (4) and the International Cancer Genome Consortium (5), have focused on intertumor heterogeneity. These studies typically collect and sequence bulk tissue data, usually one sample per patient, and compare the mutation profiles across patients. This study design is not optimized for the study of intratumor heterogeneity, which has thus received, until recently, comparatively less attention.
When only one sample from a tumor is sequenced, early analyses of intratumor heterogeneity started with the estimation of normal cell contamination and tumor ploidy (13, 14) . For example, ABSOLUTE (13) , one of the earliest methods, classifies mutations as clonal or subclonal after adjusting for the estimated purity and ploidy of the sample. Most approaches for the detection of subclonal mutations treat point mutations and copy number aberrations separately (15) (16) (17) (18) . In the case of point mutations, that is, single-nucleotide alterations (SNAs) and small insertions and deletions (indels), most methods rely on mixture models for the variant allele frequency (VAF) under the assumption that mutations carried by the same set of cells have the same VAF. However, the VAF is also affected by the copy number of the region where the point mutation resides, and copy number aberrations (CNAs) are prevalent in cancer. Recently, Li and Li (19) and Deshwar et al. (20) proposed models for joint inference of SNAs and CNAs. Li and Li (19) further gave important insight into the identifiability of the underlying parameters, if one were to analyze each mutation locus separately. The many unknowns, including the number of subpopulations in the tumor, the mutation profile of each subpopulation and its contributing proportion to the sample, and the phasing of aberrations that affect the same genome locus make the estimation problem challenging if one were to sequence only one bulk DNA sample from the tumor. We will discuss these underlying challenges through a more thorough literature review after giving a more detailed formulation of the problem.
Ultimately, tumor evolution occurs at the single-cell level, and single-cell methods provide a powerful approach to assess tumor heterogeneity without the confounding effects of mixed cell populations (6, 21) . Despite its promise, single-cell DNA sequencing data are much noisier than bulk sequencing data due to allele dropout events and amplification errors (22) , and furthermore, the per-cell coverage is still limited due to constraints
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on budget and labor. Although these single-cell sequencing studies have improved our understanding of intratumor heterogeneity, most current tumor studies still sequence the DNA at the bulk tissue level.
Recently, there have been increasing efforts to sequence the tumor from the same patient at multiple time points and/or from multiple spatially separated resections (7) (8) (9) (10) (11) (12) . Multiple snapshots of the same tumor have proved invaluable for identifying subclonal populations and for inferring the tumor's evolutionary history. Multidimensional scatterplots of VAFs allow higher resolution for cluster detection than the one-dimensional histogram in the single-sample case. Recent methods, such as Pyclone (15) and SciClone (16) , apply Bayesian mixture models to detect these clusters. LICHeE (23) and SCHISM (24) infer phylogeny from VAFs as an acyclic directed graph network. Another recent work, Clomial (25) , showed that it is possible to obtain precise and informative estimates of the underlying subpopulations through a matrix deconvolution framework. One practical drawback of Clomial (25) is that it takes only SNA input and assumes that all mutational loci are heterozygous from copy numberneutral regions. SCHISM (24) , BitPhylogeny (26) , PhyloWGS (20) , and SPRUCE (27) adjust for CNAs in their model in different ways, but these methods still require limiting assumptions and do not make full use of the data, as we discuss in detail a bit later.
Here, we focus on the analysis of intratumor heterogeneity by multisample bulk DNA sequencing of tumor samples. We propose copy number and single-nucleotide alteration analysis of tumor phylogeny (Canopy), a statistical framework and computational procedure for identifying the subpopulations within a tumor, determining the mutation profiles of these subpopulations, and inferring the tumor's phylogenetic history. The input to Canopy are VAFs of somatic SNAs along with allele-specific coverage ratios between the tumor and matched normal sample for somatic copy number calls. These quantities can be directly taken from the output of existing software (28) (29) (30) (31) . Canopy provides a general mathematical framework for pooling data across samples and sites to infer the underlying phylogeny. For SNAs that fall within CNA regions, Canopy infers their temporal ordering and resolves their phase. When there are multiple evolutionary configurations consistent with the data, Canopy attempts to explore all configurations and assess their confidence.
Identifiability of the underlying evolutionary process and confidence in its reconstruction is an important aspect of consideration. The Bayesian framework for Canopy allows assessment of the quality of inference. The resolution at which clones can be differentiated depends on the data, and in particular, on how many slices of the tumor are taken, how genotypically different these slices are to each other, and sequencing depth. As the number of clones increase, the proportion of cells attributable to at least some of the subclones would necessarily decrease, and thus, the higher sequencing depth would be needed to detect mutations present in those clones. Under the Bayesian framework, the resolution of our estimates and the confidence in our conclusions can be quantified by the posterior distribution.
Results
We will start by giving a more precise formulation of the clonal decomposition problem along with a more in-depth discussion of existing methods and their key assumptions. We will show that, under our formulation, the likelihood of the observed sequencing data can be written in matrix form and be decomposed into terms that reflect the tumor's phylogenetic history, the phasing of overlapping SNAs and CNAs, and the contributing proportions of the admixed cell populations. Canopy assumes noninformative priors for the unknowns in the model, and explores their possible values by Markov chain Monte Carlo (MCMC). Through simulations, we explore the effects of various parameters on deconvolution accuracy and compare Canopy against existing methods. Canopy is then applied to four datasets with different sequencing designs: the whole-exome sequencing (WES) of a heterogeneous triple-negative breast carcinoma cell line MDA-MB-231 and its derived sublines with single and mixed cell populations, the whole-genome sequencing (WGS) of breast cancer patient xenografts from Eirew et al. (10) , the WGS of leukemia patients, each at two time points from Ding et al. (7) (SI Appendix, SI Results), and the multiregion sequencing of an ovarian cancer patient from Bashashati et al. (8) (SI Appendix, SI Results).
Modeling of SNAs, CNAs, and Clonal Tree. Fig. 1A shows the phylogeny of an evolving tumor, which starts from a diploid normal cell and progresses through waves of somatic mutations. The tumor's evolution is depicted as a bifurcating tree, with the ancestral normal cell population at the root, and accumulating mutations along its branches. Time runs vertically down the tree from the root, and when a sample of the tumor is taken at any point in time, the tree is sliced horizontally, cutting the branches to form leaves. The subpopulations within the sample are represented by the "leaves" in that slice. Each subpopulation contributes a fraction of cells to the sample, which, taken together, are represented by a vector of nonnegative numbers that sum to 1. To model normal cell contamination, we restrict the left-most branch of the tree to be nonbifurcating and mutation-free. Thus, A B C the proportion of normal cells within any sample is simply the first entry in its mixture proportion vector. Multiple samples collected for the same tumor are represented by multiple horizontal slices of the phylogeny, each receiving its own vector of proportions. The observed data are summarized in Fig. 1B . We let N be the number of samples, and S and T be the number of somatic SNAs and CNAs, respectively, that were identified across all samples. For SNAs, let the matrices R ∈ R S×N and X ∈ R S×N be, respectively, the number of reads containing the mutant allele and the total number of reads covering each of the S loci in each of the N samples. The ratio R=X is the proportion of reads supporting the mutant allele, known as the VAF. For CNAs, Canopy directly takes output from FALCON (28), FALCON-X, or other allele-specific copy number estimation methods (29) . These outputs are in the form of estimated major and minor copy number ratios, denoted by W M ∈ R T×N and W m ∈ R T×N , respectively, with their corresponding standard errors « M ∈ R T×N and « m ∈ R T×N . See Methods for details regarding these quantities. For each SNA and each CNA, we also know whether they overlap. This information is represented by the matrix Y ∈ R S×ðT+1Þ : for column j + 1, Y has 1's for SNAs that lie within CNA j and 0's for all other SNAs; as first column, Y has 1's for SNAs that do not reside in any CNAs and 0's otherwise (see example in Fig. 1B) .
Each sample contains a mixture of the clones that comprise the tumor, and thus these observed VAFs and copy number ratios rely on the mixture proportions as well as the genomic profiles of the clones, as embodied by the underlying phylogenetic tree that is shared across all samples collected for the same tumor.
Relationship to Existing Work. Many existing studies of tumor evolution by multiregion or multi-time point bulk tumor DNA sequencing rely on laborious manual history reconstruction (7, 8) . There have been much recent progress in the development of computational approaches for the analysis of such data. These approaches differ in the types of mutations that are modeled and the assumptions that are made. The main differences are summarized in Table 1 and discussed below.
TITAN (17) and THetA (18) focus on estimating cell population structure and recovering clonal evolutionary history for the case where somatic CNAs and loss of heterozygosity (LOH) distinguish subpopulations. These methods use allelic read coverage at germline heterozygous SNP loci to distinguish clonal versus subclonal CNA events. They ignore SNAs and do not pool data across multiple samples from the same tumor.
Many programs focus specifically on SNAs. For example, SciClone (16) clusters the VAFs of SNAs in copy-number neutral and LOH-free portions of the genome using a Bayesian beta mixture model. Pyclone (15) is an extension of SciClone that adds prior information elicited from copy number estimates obtained from either genotyping arrays or WGS to its Bayesian nonparametric clustering method. Neither SciClone (16) nor Pyclone (15) infers the phylogenetic relationship between subclones. LICHeE (23) and SCHISM (24) take VAFs of SNAs as input and construct a phylogenetic tree via an acyclic directed graph. Clomial (25) , another program designed exclusively for SNAs, performs mixture deconvolution assuming that all mutational loci are heterozygous from copy number-neutral regions. Clomial decomposes the VAF matrix into a product of sample proportions and population genotypes, and uses expectation maximization (EM) to estimate both matrices. ABSOLUTE (13) was the first software to infer subclonal heterozygosity from both SNAs and CNAs. However, taking data from only one sample, it determines whether each event is clonal or subclonal, but does not attempt to genotype or quantify the underlying subclones. In a similar fashion, Lönnstedt et al. (32) took a two-step approach using both SNA and CNA input, first estimating CNAs and then comparing VAF of SNA to its local copy number estimate to classify the somatic point mutation as clonal or subclonal. Recent approaches such as BitPhylogeny (26) and PhyloSub (33) detect major subclonal lineages by sampling the subclonal proportions via a tree-structured stickbreaking (TSSB) process, adjusting for overlapping CNAs. BitPhylogeny further adapts the nonparametric Bayesian mixture model to DNA methylation data from multiple microdissections from different regions of the same tumor.
As mentioned earlier, the VAF, which quantifies the proportion of alleles in the sample carrying a somatic mutation in the sample's DNA pool, is not the same as the proportion of cells in the sample carrying the somatic mutation. We call the latter, which is not directly observed in sequencing data, the mutant cell frequency (MCF). A similar quantity that is sometimes used in literature is cancer cell fraction (CCF), which is the proportion of cells among all cancer cells carrying the mutation. Given the tumor purity ϕ C , MCF = CCF × ϕ C . The MCF of a mutation directly reflects the total contributing proportion of the clone(s) that carry it, but to compute MCF from VAF, one needs to compensate for any CNAs that affect the locus. The existing methods differ by how this compensation is done. ABSOLUTE (13) , EXPANDS (14) , Pyclone (15) , and PhyloSub (33) assume that, when a CNA event overlaps a SNA, the point mutation resides in a region with homogeneous aneuploidy, a scenario where no subclonal CNA events are allowed. Li and Li (19) conducted a detailed analysis of the complete set of scenarios covering the possible order and phase of overlapping SNAs and CNAs in developing their software CHAT. However, CHAT does not pool information across sites or across samples. PhyloWGS (20) also conducts a detailed breakdown of the possible configurations of overlapping SNA and CNA and is the first method to integrate both types of mutations when reconstructing cancer phylogenies using a TSSB. However, for each CNA region, PhyloWGS requires as input the integer absolute copy number of each allele and treats CNA events as pseudo-SNA events to compute its MCF. Because knowing integer-valued copy number is akin to knowing its MCF, in essence, in essence, PhyloWGS requires a two-step procedure where the underlying clones are first identified with their absolute copy numbers estimated using CNA data only, and this information is then used to compute the MCF of SNAs. SPRUCE (27) is another recent method that analyzes both SNAs with CNAs and characterizes the tumor phylogeny as a restricted class of spanning trees. Like PhyloWGS, SPRUCE takes processed CNA calls, for example, from THetA, and assumes known MCF for CNA events. Unlike these existing approaches, Canopy takes as input raw copy number ratios estimated by existing segmentation programs, and uses SNAs and CNAs to jointly infer the underlying clones and their evolutionary history. Because the same clonal admixture underlie CNAs and SNAs, this integrated approach achieves more accurate estimates in complex scenarios, as we illustrate later through examples.
As with all phylogenetic inference, assumptions are needed to resolve ambiguity. The perfect phylogeny model (23, 34) assumes that all subclones share the same phylogenetic tree and that mutations do not recur independently in different subclones. That is, each mutation appears only once and once it appears, it does not revert back to its original state. This no-homoplasy assumption, also referred to as the infinite-sites assumption (20, 35) , is adopted by most methods to allow model identifiability. For example, it is possible to assert that under the infinite-sites assumption, mutations with lower CCFs cannot be ancestral to mutations with higher CCFs. To deal with copy number changes, El-Kebir et al. (27) proposed instead an infinite-alleles assumption, or the multistate perfect phylogeny, where a mutation may change state more than once on the tree due to gain or loss of copy number, but changes to the same state at most once. Furthermore, Deshwar et al. (20) introduces the "weak parsimony" assumption, which posits that mutations with similar CCFs across all samples lie on the same branch segment in the phylogeny. Canopy relies on both the infinite-sites assumption and the weak parsimony assumption, but takes a different approach from El-Kebir et al. (27) in modeling CNAs: Canopy extends the infinite-sites assumption to CNAs by assuming that copy number events with the same breakpoints and the same copy number across all samples must be the result of a single CNA event that occurs exactly once in the tumor's evolution. CNAs that overlap but have different breakpoints or different copy number states are treated as separate events. For example, a homozygous deletion nested within a heterozygous deletion, or a series of nested amplifications, are treated as separate events rather than separate alleles of the same mutation. This assumption allows Canopy to, with appropriate data, resolve the evolutionary relationship between overlapping copy number events, as we show in the whole-exome study of breast cancer cell line MDA-MB-231.
Matrix Representation of a Tumor's Clonal Composition. We use K to denote the total number of clones of the tumor that have representation among the cells in our sample(s). As shown in Fig.  1A , the tumor's evolutionary history is denoted by τ K , a bifurcating tree with K leaves and with point mutation and copy number events assigned to its branch segments. Any τ K gives us three matrices reflecting the mutation profiles of the underlying clones, shown in Fig. 1C : The SNA genotypes Z ∈ R S×K , where Z sk is the indicator of whether the sth SNA is present at the kth clone, and the major and minor copy numbersC
tk are integer-valued major and minor copy numbers of the tth CNA in the kth clone. Phylogenetic restrictions are imposed by Canopy in that there is a oneto-one mapping between the positions of SNAs and CNAs on the tree as well as the major and minor copies of CNA events and the matrix Z,C M , andC m . Furthermore, because the left-most clone in the tree represents the normal cells, the first column of Z contains all zeros and the first columns ofC M andC m contain all 1's. We do not directly observe the clones; instead, the samples we sequence are mixtures. We define P ∈ R K×N as the clonal frequency matrix, where
is the fraction of cells in the jth sample that belong to the kth clone (P shown in Fig. 1A is transposed to be aligned to the phylogeny). Each column of P sums up to 1 with the first row corresponding to the normal cell contamination. The matrices Z, C M , C m , and P are all unobserved, as well as the number of clones K. Our goal is to estimate them from the observed data, that is, the VAFs and the major and minor copy number ratios.
SNA-CNA Phase and Combined Likelihood. Here, we derive the likelihood for the data, given the model parameters fZ, C M ,C m , P, Kg. First, consider the CNA events. For CNAs, multiplication (denoted by ×) of the clonal integer copy number matrices (C M ,C m Þ and the sample proportion matrix (P) gives us the continuous-valued major and minor copy numbers (C M and C m ) for each sample:C
Because the observed copy number ratios are usually computed by averaging over a large number of loci (for microarrays), exons (for WES), or bins (for WGS), we assume that they are normally distributed with the given standard errors, that is,
For SNAs, Z × P gives the MCF of each SNA in each sample, which we denote by the matrix MCF ∈ R S×N . The observed number of mutant reads R sj follows a binomial distribution with total count X sj and probability of success being the VAF, which we denote by VAF sj ð1 ≤ s ≤ S, 1 ≤ j ≤ NÞ. That is,
Therefore, we need to convert MCF to VAF to calculate the binomial likelihood for SNAs. If all SNAs are heterozygous from copy number neutral regions, as assumed by SciClone (16) and Clomial (25) , then VAF = 1=2 × MCF = 1=2 × CCF × ϕ C , where ϕ C is the cancer cell purity, MCF is the fraction of cells that have the SNA, and CCF is the fraction of cancer cell that have the mutation. Pyclone (15) , PhyloSub (33) , and EXPANDS (14) account for CNAs but make the assumption that was first introduced by ABSOLUTE (13), namely, that there are no subclonal CNA events. Therefore,
where ϕ C is the purity of cancer cells, which have a homogeneous CNA state with total copy number C total and mutant-allele copy number C mut .
To more accurately quantify the relationship between VAF and MCF, which accounts for the possible phases and temporal orders of overlapping CNAs and SNAs, we consider separately each of the three possible underlying scenarios, which were first delineated by CHAT (19) and PhyloWGS (20) : (i) the CNA is ancestral to the SNA (Fig. 2A); (ii) the CNA and SNA occur in separate branches of the tree and thus affect separate clones (Fig. 2B) ; (iii) the SNA is ancestral to the CNA (Fig. 2C) . To compute the VAF, we separately calculate the numerator (copy number of the affected allele at the mutational locus), and the denominator (total copy number at the locus) for each SNA across all samples. The denominator can be generalized and is the same for all three cases, being simply the total copy number at the SNA locus. Therefore, the denominator is, in matrix notation, as follows: 0 B @Y × The CNA is ancestral to the SNA. Only one allele of the locus is affected (e.g., SNA1 in Fig. 2A) . Therefore, the copy number of the affected allele for SNA s in each clone is Z s, : ∈ R 1×K (the s row of the Z matrix). The numerator, which is the copy number of the affected allele in each sample, is thus the matrix product of Z s, : and P. For SNA1 in Fig. 2A , this evaluates to the following:
Note that the numerator in this case is the same as the row corresponding to the SNA in the MCF matrix (MCF = Z × P) because each variant cell has only one variant allele. Case 2: The CNA and SNA occur in two nonoverlapping lineages. The SNA is not affected by the CNA, which lies on a different branch of the tree (e.g., SNA2 in Fig. 2B ). Therefore, the numerator is the same as is in the previous case. For SNA2 in Fig. 2B , this evaluates to the following:
Case 3: The SNA is ancestral to the CNA. This is usually the most interesting case. For example, copy number loss or LOH following an SNA may delete the normal allele, or copy number gain may amplify the mutated allele (e.g., SNA3 in Fig. 2C )-both scenarios having potential phenotypic consequences. Of the two underlying alleles at the SNA locus, we need to distinguish which has been lost and/or gained. That is, if the CNA confers allelic imbalance, we need to distinguish whether the major or the minor allele is the mutated allele. For SNA3 in Fig. 2C , the major allele has the SNA and the copy number of the mutant allele in each sample, that is, the numerator, is as follows: Here, we define the notation · as elementwise matrix multiplication. If the mutant allele lands on the minor copy, the numerator is simply the above withC M replaced byC m .
A general formula for the numerator encompassing all three cases is derived in Methods. Division of the numerator by the denominator gives us the VAF, and the likelihood can then be expressed as follows:
where pNormðx, μ, σ 2 Þ is the likelihood for observing x from a Gaussian distribution with mean μ and standard deviation σ, pBinomialðp, R, XÞ is the binomial likelihood for observing R successes from X trials with success probability p,H indicates the phasing of the SNAs with overlapping CNAs (whether an SNA precedes a CNA),Q is a vector of the ordering of the SNA-CNA pair that can be directly obtained from the tree, and VAF is derived in Methods.
For cases where nested CNAs are observed, Canopy samples the temporal and spatial orders of the CNAs together with the affected SNAs in the phylogenic tree (SI Appendix, SI Methods and Figs. S1 and S2). Resolving overlapping and nested CNA events is not trivial, because in real dataset analysis we only observe the major and minor allelic ratio per region per sample. By overlapping CNAs, we are referring to distinct CNA events occurring in separate samples that affect the same genomic region, more specifically, overlapping across samples (e.g., CNA event E 1 and E 2 in SI Appendix , Fig. S3B) ; by nested CNAs, on the other hand, we are referring to CNAs that may occur in different samples or within the same sample (e.g., CNA event E 2 and E 3 in SI Appendix, Fig. S3B ). Canopy can resolve CNA events, overlapping or nested, that have representation in the data. For such events, manual inspection of the segmentation input is sometimes helpful to identify nested CNAs within the same sample and to verify the type (gain, loss, or copy-neutral LOH) of each event.
As a concrete example, SI Appendix, Fig. S13B shows the allelic ratio input for CNA events from chr12 covering the KRAS locus. One knows by looking at the cross-sectional data that there are two separate CNA events, one whole-chromosomallevel duplication and another p-arm LOH event. These two events have different breakpoints, attain different allele-specific copy numbers, and are thus treated as two separate events. To distinguish these two events, the user has to manually inspect the breakpoints.
We use Bayesian information criterion (BIC) as a model selection method to determine the number of subclones K and design a Metropolis Hastings algorithm to sample the posterior distribution of the unknowns and enumerate all plausible histories in the tree space:
i) randomly switch a CNA or SNA to another branch on the tree; ii) randomly select at least two clones and change their clonal frequencies; iii) randomly select a neighborhood for local rearrangement to generate a new tree topology (SI Appendix , Fig. S4 ); iv) randomly select a CNA and sample its major and minor copy number from {0,1,2,3} and updateC
for SNA that resides in a CNA (Q s = 1), randomly sample whether the major or the minor allele contains the SNA after the copy number change, that is, randomly sample the indicator random variable H s ð1 ≤ s ≤ SÞ.
For each run, we start with multiple chains from different start points and evaluate convergence by likelihood and acceptance rate. Posterior distribution is marginalized after combining different chains, burn-in, and thinning. When multiple posterior "modes" exist, Canopy attempts to return all phylogenies that the data support and computes the relative confidence interval in each clonal history. Quantities that can be marginalized from the posterior distributions are obtained from subtree space with trees having the same clonal and mutational compositions.
Simulation Studies. As a simple illustration, we first show how Canopy successfully identifies the subclones and recovers the phylogeny for the scenario shown in Fig. 1 (SI Appendix, Fig.  S5 ), which is a simple configuration that is as typical as any other given the level of complexity. We also use this example to demonstrate the differences between Canopy and two related methods, PhyloWGS and Clomial. To generate suitable input for PhyloWGS, we converted the CNA events to pseudo-SNA events, because in this toy example we have at our disposal the true clonal proportions as well as the true SNA-CNA phasing (SI Appendix, Table S2 ), and thus simply used these true values as if it were known. Refer to Methods for details on simulation setup. Canopy, starting with raw CNA estimates and assuming unknown phase, returns a tree highly concordant with the ground truth; whereas PhyloWGS, even using the true phase and clonal proportions for CNAs, returns a linear tree with incorrectly inferred cellular frequencies (SI Appendix, Fig. S5C ).
We further introduce scenarios where CNAs overlap (SI Appendix, Figs. S1 and S2) and show that Canopy can successfully handle a fair amount of complexity (SI Appendix, Fig. S6 ). As a comparison, Clomial (25) , which ignores the existence of CNAs, fails to correctly estimate the clonal frequencies and infers incorrect tumor purities (SI Appendix, Figs. S5B and S6B). SI Appendix, Fig. S5D also explores the effect of CNA estimation noise on deconvolution accuracy.
We then performed simulation studies to explore the effects of various parameters on estimation accuracy as well as computation time, and evaluate performance benchmarked against existing methods. We use the percentage of wrongly labeled Z elements (Fig. 3) and the root-mean-square error (RMSE) of the P matrix (SI Appendix, Fig. S7 ) as a measure of the deconvolution accuracy and compare Canopy's results with those returned by Clomial (25) . We use clustering purity as a measure of clustering quality and compare the preclustering results of Canopy with those of SciClone (16) . We sampled systematically from a comprehensive set of possible phylogenies and P matrices. More details on simulation setup are in Methods.
We ran simulations with varying number of mutations from two different sequencing pipelines: WGS with d = 30 (Fig. 3A ) and targeted sequencing with d = 500 (Fig. 3B) , where d is the mean sequencing depth. The results, compiled in Fig. 3 and SI Appendix, Figs. S7-S9, give a sense of how estimation accuracy depends on the number of informative mutations, the number of genotypically distinct samples, the sequencing depth, and the number of underlying clones. As expected, estimation accuracy increases with the number of genotypically distinct samples, the number of informative mutations, and the sequencing depth. Increasing the number of subclones makes the estimation problem harder, although this can be compensated for by a larger number of mutations. Also, in SI Appendix, Fig. S8 , we show that the larger the difference in clonal proportions between the samples, the easier the estimation problem. Under all simulated scenarios, Canopy is as good as or better than Clomial (25) and SciClone (16) accuracy ( Fig. 3 and SI Appendix, Fig. S7 ). An interesting observation from the simulation studies is that, although increasing the number of samples drives the estimation error of Z to zero, the benefit of including more mutations diminishes when there is a small number of underlying subclones. In this case, only a small high confidence set of informative mutations or mutation clusters is sufficient for recovering the underlying tree (SI Appendix, Table S3 ); when the number of underlying subclones is large, more mutations are needed (SI Appendix, Fig. S9 ). We also performed simulations to investigate the effect of the proposed binomial mixture clustering method with varying number of mutations and clones. This preclustering procedure serves as an initialization step in the MCMC sampling, where mutations are first moved along tree branches in clusters and then fine-tuned individually in the later rounds. We show that this initialization method significantly reduces computation time, offers a way to clean up data by including a uniform noise component, and has similar or better deconvolution accuracy (SI Appendix, Table S3 and Fig. S10 ).
Application to Transplantable Metastasis Model Derived from MDA-MB-231. Canopy is applied to a transplantable metastasis model system derived from a heterogeneous human breast cancer cell line MDA-MB-231. Cancer cells from the parental line MDA-MB-231 were engrafted into mouse hosts leading to organ-specific metastasis. Single-cell populations (SCPs) or mixed-cell populations (MCPs) were in vivo selected from either bone or lung metastasis and grew into phenotypically stable and metastatically competent cancer cell lines (Fig. 4A and SI Appendix, Table S5 ).
This transplantable model system has been widely used for understanding metastatic progression (36) (37) (38) . Minn et al. (36) identified a "poor-prognosis" gene expression signature for distinct metastatic potential by studying patterns of transcriptomic profile. Recently, Jacob et al. (37) performed WES on a metastasis model derived from the same parental line MDA-MB-231 and found that in vivo selected highly metastatic cell populations showed little genetic divergence from the corresponding parental population. Their results suggest that (i) genetic variations (including the genes BRAF G464V and KRAS G13D , validated by Sanger sequencing) preexist in the parental line and are enriched with increased metastatic capability; (ii) metastatic competence during tumorigenesis can emerge with selection of preexisting oncogenic alleles without a need of new mutations (37) .
Here, we build a transplantable model from MDA-MB-231, where the parental line as well as the SCP and MCP samples are whole-exome sequenced and are used to investigate clonal evolution associated with metastatic progression on the DNA level. We only use the parental line and the MCP samples to infer metastatic phylogeny, whereas the SCP samples are included as a validation dataset to compare and contrast. Because SCP samples are homogeneous cell populations, their integer absolute copy numbers can be inferred by a hidden Markov model. Because we do not have a normal control for MDA-MB-231, the integer absolute copy numbers for the SCP samples are used as controls to infer copy number ratios in the MCP samples (SI Appendix, SI Methods, Figs. S11 and S12, and Table S6 ). SNAs and indels are called by the UnifiedGenotyper in the Genome Analysis Toolkit (GATK) (30) and are further annotated by ANNOVAR (39) .
In addition to the oncogenic point mutations in BRAF and KRAS reported by Jacob et al. (37) , our analysis pipeline identified two nonsynonymous mutations in the genes ALPK2 and RYR1 that are deleterious by functional annotation (Dataset S1). VAFs of the four mutations vary between bone and lung metastasis samples: BRAF and KRAS mutations are enriched in the bone samples; ALPK2 mutation is enriched in the lung samples; RYR1 mutation is additionally detectable in the bone samples but not in the parental line (Fig. 4B) . These four mutations also overlap with six CNAs events, with regions in chromosome (chr) 7q and 12 being double "hit" by two nonidentical overlapping CNA events in separate samples (SI Appendix, Fig. S13 ).
The a posteriori most likely phylogenetic tree inferred by Canopy using the parental line and the MCP samples only has four subclones guided by BIC (Fig. 4C ) and is shown in Fig. 4D . As expected, our results show that the bone and lung metastatic sublines contain clones that were either nonexistent or extremely rare in the parental line, which proliferated to dominate the organ-specific metastasis. All samples, except MCP2287, are almost 100% composed of cells from a single clone. Clone 2 is unique to the lung subline, and clone 3 is unique to the brain subline (Fig. 4D) . MCP2287 partially retains the parental line and is a mixture of two subclones, which, upon detailed visual inspection, is supported by the raw SNA and CNA input (Fig. 4B and SI Appendix, Fig. S13 A and B) . For CNAs, Canopy successfully resolves overlapping CNAs with correctly inferred copy number states (SI Appendix , Fig. S13) ; among the SNAs, BRAF, KRAS, and ALPK2 each undergo a duplication event that amplifies the mutant allele, with BRAF and KRAS further losing the reference allele via a second LOH event (Fig. 4D ) that occurs later in the evolutionary process. All sublines share chr 12 duplication, whereas the bone and lung sublines gain additional mutations that mark and/or drive their divergence (Fig. 4D ).
Canopy's inferred phylogeny is confirmed by the SCP samples, which we use as validation. The two SCP samples derived from the lung metastasis are 100% identical to clone 2, and the two derived from the bone metastasis are 100% identical to clone 3 ( Fig. 4D) . Similar to Jacob et al. (37) , Canopy's inferred phylogeny shows that amplification of oncogenic signals preexisting in the parent cell line (KRAS, BRAF, and ALPK2) leads to higher tumorinitiating fitness. Nevertheless, in contradiction to the proposed model by Jacob et al. (37) where no new mutations are needed, here we report additionally acquired/detectable SNA and CNAs as DNA signatures that mark and/or drive the divergence between the lung and bone sublines. These mutation signatures-chr 18q deletion, RYR1 point mutation, and chr 7q and 12 LOH-can indicate breast cancer metastatic potentials and serve as prognostic markers for the development of distant metastasis.
Application to Breast Cancer Patient Xenografts. We further applied Canopy to a deep-genome sequencing dataset of breast cancer patient xenografts from Eirew et al. (10) . Xenografts of a patient line were generated by serially transplanting breast cancer tissue organoid suspensions into immunodeficient mice (10) . WGS was performed on the initial engraftment (SA494T) and its subsequent propagation of metastatic xenograft (SA494X4). Targeted-amplicon deep sequencing was performed to validate somatic SNAs; TITAN (17) was applied to infer CNAs and LOH (10). We adopt bivariate clustering and stringent quality control procedures to remove experimental noise (Fig. 5A ). Canopy takes as input SNAs from four clusters that are CNA-free, three SNAs that overlap with CNAs, and four CNAs (chr 1p, 3p, and 19p deletion and chr5q duplication) to reconstruct phylogeny (Dataset S2).
The number of subclones is chosen at four by BIC as a criterion for model selection (Fig. 5B) . The most likely tree returned by Canopy is shown in Fig. 5C . Clone 2 and clone 3 (2% and 1% of the starting population, SA494T) undergo a one-copy loss event and additionally acquire SNAs in cluster 3, indicating extreme selective engraftment of minor clones (Fig. 5C ). These two clones are further separated by SNAs in cluster 4 and become dominant in the subsequent metastatic xenograft SA494X4 with high prevalence (77% and 23% shown in Fig. 5C ). For SNAs that overlap with CNAs, only SNA2 precedes its affecting CNA2 (one-copy loss) and has a higher mutational multiplicity after losing the healthy allele. Both SNA1 and SNA3 arise after onecopy loss events, resides in clone 1 only, and thus are present in sample SA494T but not in SA494X4.
We compared our analysis result to the SNA clustering result achieved by Pyclone (15) . SNA clusters 1-4 correspond to the four clusters inferred by Pyclone shown in Fig. 5C , which is expected because the SNAs within these clusters are CNA-free and these cell lines are expected to have no normal cell contamination (CCF = MCF = 2 × VAF). Although Pyclone outputs the clustering of these MCFs, Canopy also infers the evolutionary relationship between the clones represented by these clusters. Thus, from this analysis we can be quite confident that the mutations in cluster 3 are ancestral to the mutations cluster 4, that is, cells that carry the mutations in cluster 4 must also carry the mutations in cluster 3. Also, Pyclone uses CNA-corrected VAFs of SNAs as input, whereas Canopy uses both SNAs and CNAs simultaneously to infer tumor phylogeny. This allows us to infer the temporal order of the CNA events in relation to the SNA events. For example, we are quite confident that CNAs 1 and 3 are clonal events, whereas CNA 2 and CNA 4 came later affecting separate subclones.
Canopy's results are confirmed by single-cell sequencing carried out by Eirew et al. (10)-two mutually exclusive sets of mutant alleles from SA494 tumor and passage 4 xenograft, respectively, were identified in addition to a set of shared alleles (10).
Discussion
Intratumor heterogeneity contributes to drug resistance and failures of targeted therapies (40) . To gain a comprehensive understanding of the evolutionary dynamics of tumors, it is important not only to determine which alterations drive the progression of a tumor but also to understand their relative temporal and spatial order during tumor evolution. Here, we propose a method, Canopy, to assess intratumor heterogeneity and infer clonal evolutionary history. The distinguishing features of Canopy compared with existing methods are as follows: (i) SNAs and CNAs are jointly modeled and overlapping events are phased and temporally ordered; (ii) the SNA input can be taken directly from the UnifiedGenotyper in GATK (30) or MuTect (31) and the CNA input are continuous-valued allele-specific copy number ratios, which can be directly obtained from allele-specific copy number estimation methods (28) ; (iii) a preclustering initialization step for SNAs improves robustness to noise and significantly reduces computation time; (iv) CNA events are allowed to be subclonal (19, 20) ; (v) overlapping and nested CNA events with different breakpoints affecting the same region are treated as separate evolutionary events, as illustrated by our analysis of MDA-MB-231; (vi) the Bayesian framework reconstructs the phylogeny together with posterior confidence assessment, which is useful when the data support multiple configurations.
Despite the fact that Canopy starts with a preclustering, an input that contains too many false detections can still lead to unreliable phylogeny inference. Most current CNA and SNA detection algorithms still have a high false-positive rate, and thus we suggest rigorous quality checking of input before a Canopy analysis. As we showed in our simulations, Canopy does not require a large set of variant loci to attain precise phylogeny inference; that is, the payoff for including multiple variants derived from the same clone quickly diminishes. A Canopy analysis should start with manual inspection and visualization of the input data, followed by removing short CNAs that may be unreliably called, and using the preclustering procedure with a multivariate uniform component on SNAs, as illustrated in our analysis of the data from Ding et al. (7) and Eirew et al. (10) .
Canopy has been demonstrated on four cancer sequencing datasets of varying study design, as well as on extensive simulation data. On a whole-exome study of breast cancer cell line MDA-MB-231, Canopy successfully deconvolved the mixed cell sublines, identifying subclones that were validated by comparing to single-cell sublines as ground truth. On a WGS dataset of the breast cancer tumor and its subsequent metastatic xenograft, Canopy's inferred clonal phylogeny is concordant with genomic markers of major clonal genotype and is confirmed by single-cell sequencing. On a WGS dataset of the primary tumor and relapse genome of a leukemia patient, and on a spatially sampled targeted sequencing study of ovarian cancer, Canopy predicted phylogenetic histories in concordance with existing knowledge (details in SI Appendix, SI Results). Finally, through simulations, we explored the effects of various parameters on deconvolution accuracy, and evaluate performance with comparison against existing methods. Collectively, Canopy provides a rigorous foundation for statistical inference on repeated sequencing data from evolving populations. Many factors determine the accuracy of Canopy's results: higher sequencing depth allows for higher sensitivity for detection of rare subclones; more samples and more difference between samples in their clonal composition allow for higher accuracy in estimating the phylogeny. In particular, the maximum number of subclones that can be reliably inferred depends on all of these factors. As the number of subclones increase, the proportion of cells attributable to at least some of the subclones would necessarily decrease, and higher coverage would be needed to detect mutations present in those smaller subclones. A survey of recent multiregion and multi-time point cancer genome-sequencing studies shows that, even in scenarios where up to 11 bulk samples were analyzed from the same patient, the number of subclones identified was typically less than 8 (summarized in SI Appendix, Table S1 ). A similar range for the number of subclones was found by single-cell sequencing. To increase resolution for rare subclones, deeper sequencing or sequencing of a larger number of single cells is needed.
Most current cancer-sequencing studies sequence only one sample from each patient, from which it is difficult to deconvolve clonal mixtures. The recent advances in single-cell sequencing technologies make possible a different approach to study tissue heterogeneity at higher resolution. Nevertheless, reliable simultaneous profiling of copy number and single-nucleotide mutations by single-cell sequencing is still at infancy. Here, we show that traditional bulk sequencing can lead to accurate subclone identification and phylogenetic inference, if only the researcher is willing to sequence multiple slices of the tissue. Thus, bulk tissue sequencing can play an important part in our understanding of tumor heterogeneity, and in the coming years experimental designs that combine bulk tissue sampling and single-cell analysis needs to be better explored.
Methods
Allele-Specific Copy Number. For the tth (1 ≤ t ≤ T) CNA, we let N t be the number of germline heterozygous loci within its segment [segmentation carried out by FALCON (28) or FALCON-X]. From FALCON's segmentation and phasing outputs, we can get for each tumor-normal pair the read counts of major and minor allele in the jth tumor slice, M ij and m ij , and in the matched normal sample, M i0 and m i0 , where 1 ≤ i ≤ N t is the germline SNP index and 1 ≤ j ≤ N is the sample index.
For CNA events that are nonoverlapping (SI Appendix, Fig. S3A ), we use the germline heterozygous loci within each CNA segment to compute major and minor copy number input across all samples:
In the above, W For CNA events that are overlapping or nested (SI Appendix, Fig. S3B ), we propose an algorithm that automates the preprocessing of allele-specific copy number for input to Canopy (refer to SI Appendix, SI Methods for details). If external ploidy information is available, this can be added as a fixed CNA event (e.g., a genome doubling event for tetraploidy).
Generalization of VAF and MCF Relationship for All Three Cases. Here, we derive a general formula for the numerator encompassing all three cases. We denote H ∈ R S as a vector of indicator of whether an SNA is from the major or the minor copy of the CNA that affects it and occurs after it. We further define Q as a vector indicating whether an SNA precedes the CNA it resides in, which can be directly obtained from the tree τ K . Let H = ½H',H', . . . ,H' K ∈ R S×K andQ = ½Q',Q', . . . ,Q' K ∈ R S×K . Then, the numerator for all three cases shown in Fig. 2 can be generalized and division of the numerator by the denominator gives us the VAF matrix:
Note that the exponentiation and division are carried out in an elementwise fashion and that 0 0 is defined to be equal to 1. This generalized matrix representation form to get VAFs of SNAs only apply to SNAs that are CNAfree or those that are affected by a single CNA event. For SNAs that are affected by more than one CNA event, VAFs are obtained iteratively for each SNA with adjustment of the affecting CNA events that are overlapping or nested.
Simulation Setup. We first generate input data from the true underlying tree as is illustrated in Fig. 1 (with nonoverlapping CNAs) and SI Appendix, Figs. S1 and S2 (with overlapping CNAs) and apply Canopy to reconstruct the phylogeny. For SNAs, the total read depth matrix X has each of its column sampled from a multinomial distribution:
where d is the mean sequencing depth and 1 ≤ j ≤ N. The mutant read depth matrix R is sampled from a binomial distribution indexed at X with success probabilities VAF derived in SNA-CNA phase and combined likelihood section (numerator divided by denominator). For CNAs, the input matrix W We then separately investigate the effects of the number of mutations, the sequencing depth, the number of samples, the number of subclones, and the preclustering procedure as an initialization step on deconvolution and preclustering accuracy and computation time. Without loss of generality, we focus on using SNAs to reconstruct phylogeny and compare against two existing methods, Clomial (25) and SciClone (16) . For each investigation, we control for confounding parameters, run 30 simulations in parallel, and integrate results from each run. Within each simulation, we run 10 Markov chains with random starts and correspondingly choose binomTryNum = 10 for Clomial (25) , a parameter specifying the number of random starts for the EM algorithm. The true clonal frequency matrix P is prefixed but varies between different runs with a perturbation added to each of its element from a Gaussian distribution with mean of 0 and SD of 0.01. The generated matrix is then scaled so that each element is nonnegative and that the columns sum up to 1. We calculate the percentage of wrongly labeled elements in Z (Fig. 3) and the RMSE of the inferred P matrix (SI Appendix, Fig. S7 ) across all simulation runs. Number of mutations and sequencing depth. We start with constructing a true underlying tree with a fixed number of subclones. Various numbers of mutations are placed on branches of the tree (except for the leftmost one) with equal probabilities, and as a result we can get a true genotyping matrix Z. The clonal frequency matrix P is fixed so that we can control for the number of subclones, the number of samples, and the clonal compositions. Here, we mimic two different sequencing pipelines-WGS with d = 30 and targeted sequencing with d = 500. The input matrix X is sampled from the multinomial distribution and the mutant read depth matrix R is then sampled from a binomial distribution:
Number of samples. We evaluate the effect of the number of samples by running parallel simulations with fixed number of subclones (K = 5) and mutation clusters (S = 7) but varied number of samples, which correspond to columns of the clonal frequency matrix P. Because adding a same sample does not guarantee adding additional information for phylogeny reconstruction, we choose and fix the elements of the P matrix so that the additive summation result is the most distinct in the unit space and that different combinations of subclones are present across different samples (SI Appendix, Table S4A ). We further measure the deconvolution difficulty quantitatively from the P matrix itself. Specifically, we define q ∈ R ð2K−3Þ×N as the summation of the offspring subclonal frequencies at each of the (2K − 3) internal edges across all samples, q ij = X fs : s is descendant of edge ig P sj ð1 ≤ i ≤ 2K − 3, 1 ≤ j ≤ NÞ.
The statistic that we use to measure the deconvolution difficulty of the P matrix is as follows:
where q i = ðq i1 , q i2 , . . . , q iN Þ (SI Appendix, Fig. S8 ).
Number of subclones. We study the effect of the number of subclones by keeping the P matrix the same as is shown in SI Appendix, Table S4B with varied number of rows (3 ≤ K ≤ 10). The number of samples is fixed at 3, among which there is the greatest distinction of clonal compositions (SI Appendix, Table S4B ); the number of mutations is set at K + 2. In addition to measure the accuracy of the inferred Z and P matrix, we also compare Canopy's preclustering result against that of SciClone's (16) . We use clustering purity as a measure of clustering quality. To compute clustering purity, each cluster is assigned to the class that is most frequent in the cluster, and then the accuracy of this assignment is measured by counting the number of correctly assigned mutations and dividing by the total number of mutations. We further carry out simulations to examine a larger subclone space and to investigate the trade-off between the number of subclones, the sequencing depth, as well as the number of mutations. Running time and estimation errors of the Z and the P matrix are recorded (SI Appendix, Fig. S9 ). Binomial mixture clustering. We investigate the effect of the binomial mixture clustering on computation time and deconvolution accuracy. The binomial mixture clustering is carried out as an initialization step to guide the MCMC sampling procedure-we first move the mutational clusters along the tree branches and then fine-tune every mutation within each cluster. Simulation is carried out with varying number of mutations N ∈ f25, 50, 100, 200g along trees with different number of clones K ∈ f3, 4, 5, 6g from three samples. The true underlying clonal frequency matrix P is the same as is in SI Appendix, Table S4B . Convergence is measured by both the log-likelihood and the acceptance rate (SI Appendix, Fig. S10 ), with running time recorded and estimation errors measured (SI Appendix, Table S3 ).
WES of Transplantable Metastasis Model
Derived from MDA-MB-231. The parental cell line MDA-MB-231 was obtained from the American Type Tissue Collection. Its derivative cell lines (both SCPs and MCPs) were described previously (36, 41, 42) . Cells were grown in high-glucose DMEM with 10% (vol/vol) FBS. Genomic DNA was harvested with Purelink genomic DNA kit (Invitrogen). Exome libraries were prepared with SureSelect Human All Exon kit (Agilent) and were sequenced on an Illumina HiSeq-2000 sequencer. The WES data have been deposited in the BioProject database with accession number PRJNA315318.
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